Spectral searching has drawn increasing interest as an alternative to sequence-database searching in proteomics. We developed and validated an open-source software toolkit, SpectraST, to enable proteomics researchers to build spectral libraries and to integrate this promising approach in their data-analysis pipeline. It allows individual researchers to condense raw data into spectral libraries, summarizing information about observed proteomes into a concise and retrievable format for future data analyses.
Spectral searching has drawn increasing interest as an alternative to sequence-database searching in proteomics. We developed and validated an open-source software toolkit, SpectraST, to enable proteomics researchers to build spectral libraries and to integrate this promising approach in their data-analysis pipeline. It allows individual researchers to condense raw data into spectral libraries, summarizing information about observed proteomes into a concise and retrievable format for future data analyses.
The inference of the peptide sequence from the tandem mass spectrometry (MS/MS) spectrum of a fragmented peptide ion is a critical step in mass spectrometry-based proteomic workflows. In most proteomic applications, this step is achieved by sequencedatabase searching 1, 2 , where a protein-sequence database is used as a reference to generate all possible putative peptide sequences by in silico digestion. Each acquired MS/MS spectrum is then compared to a theoretical fragmentation pattern of each of the putative peptides to obtain the best match. Although effective in many current applications, sequence searching is quickly becoming a major bottleneck in analysis of proteomic data, thanks to advances in mass spectrometry and growing interest in applying proteomic methods to larger and more sophisticated studies. Additionally, because of the uncertainty of the theoretical fragmentation-pattern predictions, the similarity scoring in sequence searching is suboptimal and often error-prone 3, 4 .
Spectral-library searching has been proposed as a useful complement and, in some cases, as a promising alternative to sequencedatabase searching 5 . In this approach, the peptide identification is made by comparing the query MS/MS spectrum to a library of experimental reference spectra for which the identifications are known. This method has been commonly practiced for massspectrometric analysis of small molecules 6, 7 . Recently, thanks to the rapid accumulation of shotgun proteomics data from which spectral libraries could be compiled, spectral searching has become a reality for proteomics. Several preliminary studies have demonstrated substantial improvement in speed and sensitivity compared to sequence searching [8] [9] [10] .
Of course, the availability of suitable spectral libraries is a prerequisite for the successful implementation of spectral searching. In the context of proteomics, spectral libraries are typically compiled from peptide MS/MS spectra obtained from the analysis of complex biological samples and identified confidently by traditional sequence-database searching. Recently, the National Institute of Standards and Technology (NIST) has extended their mass spectral reference library, previously consisting of small molecules, to include peptides from various organisms (http://peptide.nist.gov/ or http:// www.peptideatlas.org/speclib/). However, owing to the enormous variety of biological systems studied by mass spectrometry-based proteomic techniques, there remains a need for a ready-to-deploy software tool for individual researchers to create custom spectral libraries, for example, when no suitable public spectral library is available for the biological system of interest. Specialized libraries may also be necessary because of differences in sample preparation, instrumentation and data acquisition parameters.
To meet this need, we extended SpectraST, an open-source spectral library search engine described previously 8 , to allow users to build their own spectral libraries from sequence search results from several popular search engines. Integrated with the Trans Proteomic Pipeline (TPP) suite of software 11 , the software uses open xml file formats (mzXML 12 , mzData and mzML) and interfaces seamlessly with statistical-validation and quantification tools. It can import libraries from NIST and other public library formats 9, 10 , perform various set operations on libraries, create consensus spectra and apply quality filters on libraries ( Fig. 1 and Supplementary Methods online).
We applied our library-building method to 40 publicly available datasets (Supplementary Table 1 online) in the Human Plasma PeptideAtlas 13 , which comprise 1.3 million SEQUEST 2 -identified spectra (29,109 distinct peptide ions). To combine multiple observations of the same peptide ion into a representative library spectrum, we devised a consensus creation algorithm (Supplementary Methods and Supplementary Fig. 1 online) . Among the features of this algorithm are the detection and removal of wildly dissimilar replicates, a 'peak voting' mechanism whereby only consistently present peaks are retained and the uneven averaging of peak intensities weighted by the overall spectral quality of the replicates. We found that this method can produce representative consensus spectra that are much less noisy than the individual replicates while retaining most of the explainable fragment peaks ( Supplementary Fig. 2 We then subjected the generated spectral library to quality control. The motivation for this step was twofold. First, because spectral libraries were derived from sequence search results, it is inevitable that some of the spectra were incorrectly identified. These misidentified spectra could potentially propagate the error in the spectral searching step. Second, when creating a spectral library, the correctness of the identifications is essential but not sufficient. Correctly identified but low-quality spectra, such as those riddled with noise or impurity peaks, are not likely to be representative of the peptide ion, such that future matches to them are as likely to result from matching signals as from matching noise or impurity peaks. We implemented and tested three different quality filters for SpectraST to achieve the goal of pinpointing questionable spectra and removing them from our libraries (Supplementary Methods and Supplementary Fig. 3 online) . We filtered the spectral library at three quality levels: Q0 (no quality control; all spectra were included), Q1 (intermediate quality level; impure spectra and spectra having spectrally similar counterparts with conflicting identifications were removed) and Q2 (high quality level; singly observed spectra were also removed in addition to those removed at Q1).
To assess the effect of quality level, we selected 13 validation datasets (Supplementary Table 2 online) from the same segment of the proteome as, but distinct from, the datasets used to build the library. We searched these datasets against each of the libraries Q0, Q1 and Q2, by spectral searching (Supplementary Methods) and used the number of positive hits found at constant false-discovery rate as a metric to evaluate the libraries. We observed a strong dependence of the success of spectral searching on the quality level of the library. At a constant false-discovery rate of 1%, the more stringent was the quality level, the higher was number of identified spectra (Fig. 2) . At first glance this may be counterintuitive as the unfiltered library Q0 has the maximum coverage and thus should match more spectra. However, if one factors in the confidence of the spectral match, the larger number of noisy and impure spectra in Q0 contributes to a higher background similarity score owing to the matching of noise peaks, which results in diminished discriminating power.
Although we obtained the best performance with the most stringently filtered library, Q2, we believe that a better balance between discriminating power and proteomic coverage is at the intermediate quality level, Q1, which yields results that are only slightly worse than those with Q2. In fact, removing all the singly observed spectra is perhaps too conservative as this results in a substantial loss of coverage (Supplementary Table 3 online). The quality filters of SpectraST therefore allow the user to selectively retain these potentially interesting spectra while maintaining similar performance and discriminating power.
We then used the same evaluation strategy to determine how several key design choices in library building affect the effectiveness of subsequent spectral searching. The use of so-called best-replicate libraries, in which one of the replicates is selected to represent each peptide ion, has been previously proposed 10 . This has the advantage of simplicity over consensus approaches. It is therefore interesting to compare the consensus spectral library (Q2) and the corresponding best-replicate library (Q2-BR), in which the same set of peptide ions are represented by the highest-quality (with highest signal-to-noise ratio) spectrum among the replicates (Fig. 2) . We found that Q2-BR is clearly inferior to Q2 in terms of the number of hits found at the same false-discovery rate. This should not be surprising because generally the non-best individual replicates are more similar to the consensus spectrum than to the best replicate (Supplementary Table 4 online). In other words, as has been argued in other publications 14, 15 , the consensus spectrum is a more realistic representation of the characteristic fragmentation pattern of the peptide ion than the best replicate, which is still subject to experimental variations and other random artifacts. This is especially true when the number of replicates is small and none of them are of particularly good quality. Combining mediocre replicates to form a consensus spectrum, which removes noise and averages out experimental variations, is a much more robust strategy than selecting any of the replicates to include in the library.
It has also been previously proposed that the library spectra can be simplified by retaining only a fixed maximum number of peaks 9 . This has the benefits of smaller library size and quicker searches, but some information that can potentially aid discrimination will be lost. We determined that for consensus spectra, which are in principle largely devoid of noise, on average about 50% of the total intensity is retained if 20 peaks are kept, and about 80% is retained if 50 peaks are kept ( Supplementary Fig. 4 online) . To investigate whether this loss of information will cause a noticeable drop in performance, we created simplified libraries Q2-20p and Q2-50p from the consensus library Q2 by retaining the most intense 20 and 50 peaks, respectively, in each spectrum and compared their performances in spectral searching. We found that Q2-20p suffers from a substantial drop in performance, whereas Q2 and Q2-50p offer largely similar performance (Fig. 3) . Therefore, it appears that reducing library spectra to only the top 20 peaks is an overaggressive simplification. Keeping the top 50 peaks, in contrast, seems to be acceptable for spectral searching purposes under the conditions studied.
We believe that spectral searching, with its many advantages, is primed to take a prominent role in proteomic-data analysis, especially in larger-scale studies of many repeated samplings and targeted approaches in which is the researcher is actively looking for previously observed proteins or peptides in the sample 4 . For these increasingly popular experiments, in which discovery of new peptides is not the goal, it makes sense to learn from the past. Spectral library building and searching is a straightforward and logical approach to take advantage of previous experiments to improve the efficiency and sensitivity of future data analyses. Yet this approach remains an informatics challenge for most individual researchers without strong computational expertise. To meet that need, we developed an easy-to-deploy, open-source software toolkit, SpectraST, to enable proteomics researchers to integrate spectral library building and searching into their data-analysis pipeline. By integrating all essential library building and searching functionalities into one program and interfacing with existing open data formats and popular software tools, we hope to make this methodology accessible to all proteomics researchers.
Lastly, we emphasize that although there are ongoing and rapidly progressing endeavors to build public, comprehensive spectral libraries, library building need not and should not be restricted to the experts. Because SpectraST preserves the linkage between the library and the originating datasets, a spectral library built in this manner is simply a concise summary of previous experiments and their data analyses, and is a much more accessible and useful resource than the raw data files themselves. The easy-to-use software presented here should allow researchers involved in smaller and more specialized research efforts to build their own spectral libraries, and in doing so, better organize and condense huge amounts of largely unusable raw data into an easily retrievable format for future reference and data analysis. In this way, the spectral library is no longer a static entity that one downloads from a website but rather one that evolves as data accumulate and dataanalysis methods advance. We believe that like protein-sequence databases, spectral libraries should become a standard part of our proteomic toolbox that will grow and improve over time as our knowledge of the proteomes matures, a process in which individual researchers are now empowered to participate.
The software SpectraST is freely available to download as part of the Trans Proteomic Pipeline software suite at http:// tools.proteomecenter.org/software.php. A user-friendly Windows installer as well as all source code for building in LINUX, is available. Detailed instructions on how to install and use the software are available at http://tools.proteomecenter.org/wiki/ index.php?title=SpectraST. The datasets used in this study can be downloaded from http://www.peptideatlas.org/repository/ and the resulting consensus libraries from http://www.peptideatlas. org/speclib/.
Note: Supplementary information is available on the Nature Methods website. 
